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Abstract
Purpose Fruit quality assessment is one of the most pressing issues in the farming industry.
Agriculturists would bene�t signi�cantly from the capacity to recognize the freshness of fruits, as it will
allow them to optimize the harvesting stage and avoid reaping either underdeveloped or overdeveloped
natural products. Productivity has decreased due to a lack of low-cost technology and equitable access.
Despite large-scale agricultural mechanization in some parts of the country, most agricultural operations
are still carried out by hand with simple instruments. The goal of this research is to automate the task of
evaluating fruit quality.

Methods Transformers were �rst presented in the �eld of natural language processing, and they offer
dramatic performance improvements over existing models in NLP like as LSTMs and GRU. The Vision
Transformer, or ViT, is an image classi�cation model that uses a Transformer-like design over image
patches.

Results Vision transformer exhibited far superior results compared to CNN models. The models were
evaluated on various metrics and the vision transformer model generated the highest accuracy compared
to convolutional neural network models such as InceptionNet and E�cientNet.

Conclusions Vision Transformers exhibited superior performance in fruit quality evaluation compared to
traditional CNN model approaches. For future works, this model can be used to develop an e�cient
quality control system Automation of the quality prediction process can greatly reduce food and
agricultural produce wastage.

Introduction
Agriculture is essential to humans because it assures a steady supply of food and ensures food security
for the population. Fruits, in particular, are often purchased by every family and are high in nutrients;
hence, a constant supply and production are necessary to meet the demand of the world's rising
population. As a result, the whole agri-food industry chain is facing rising problems, necessitating the
application of new creative technologies in order to increase production. Fruits have been a staple of
human diets since prehistoric times. Because of their excellent nutritional value, they offer a signi�cant
nutritional contribution to human well-being. It is necessary to ensure the quality of fruits ingested in all
locations. Many fruit supply �rms continue to ship improper fruit for consumption due to a lack of
precision in the fruit sorting procedure performed by their employees. Computational technologies have
been used for fruit recognition and other computer vision tasks (Kaur et al., 2015). 

Because manual grading is time demanding, automation of the grading process through the use of
computerized systems is seen to be the solution (Blasco et al., 2003). For this classi�cation challenge,
deep learning methods were applied using transfer learning, a machine learning method in which a model
developed for one task is reused as the starting point for a model on a different problem. It is a popular
approach in deep learning, where pre-trained models are used as the starting point for computer vision
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and natural language processing tasks (S. Chakraborty et al., 2021). This has proved effective in carrying
knowledge learned from general-domain, large-scale datasets to speci�c domains, where the amount of
data available is limited. To accomplish this, a fruit freshness grading system that can distinguish
various varieties of fruits from photographs acquired by any digital camera or smartphone from diverse
locations can be developed. This device will assist us in determining the quality of fruits as well as
developing a robotic orchard harvesting system.

Dataset 

The primary concept of machine learning is collecting image datasets for training and model building.
For the prediction of the quality of fruits, the dataset “IEEEFRUITSDATA_train&test” was used. The
Dataset consists of 12,050 images comprising fruits such as Apple, Banana, Guava, Orange, Lime, and
pomegranate categorized based on their quality as Good or Bad.

Materials And Methods
CNN-based approach 

  A Convolutional Neural Network (ConvNet/CNN) is a Deep Learning method that can take an input
image, assign relevance (learnable weights and biases) to various aspects/objects in the image, and
distinguish between them. Convolution is a linear mathematical action between matrices. A convolutional
layer, a non-linearity layer, a pooling layer, and a fully-connected layer are among the layers of CNN. In
machine learning issues, CNN has performed satisfactorily.  The dataset under study was used to train
deep learning models (S. Fan et al., 2020), namely E�cientNet and InceptionNet (Patil, 2018). 

E�cientNet is a convolutional neural network architecture and scaling approach that uses a compound
coe�cient to consistently scale all the depth, breadth, and resolution parameters. Unlike conventional
practice that arbitrarily scales these factors, the E�cientNet scaling method uniformly scales network
width, depth, and resolution with a set of �xed scaling coe�cients (A. Kumar et al., 2021). The model was
implemented using the transfer learning approach. A peak accuracy of 91% was achieved. 

  Inception v3 is an image recognition model that has been shown to attain greater than 78.1% accuracy
on the ImageNet dataset. To achieve better accuracy, the InceptionNet model was implemented. The
model is the culmination of many ideas developed by multiple researchers over the years. It is based on
the original paper: "Rethinking the Inception Architecture for Computer Vision" (Szegedy et al., 2016).
Convolutions, average pooling, max pooling, concatenations, dropouts, and fully linked layers are among
the symmetric and asymmetric building components in the model. Batch normalization is done to
activation inputs and is utilized extensively throughout the model. Loss is computed using Softmax. Due
to its high accuracy on image classi�cation problems, InceptionNet was utilized to develop a model. A
peak accuracy of 94% was achieved. Though it exhibited better results on the test data compared to the
E�cientNet model approach, the models took a long time to train, and its predictions on test data were
not satisfactory enough. 
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Vision transformer 

  The Vision Transformer (ViT) has emerged as a viable alternative to convolutional neural networks
(CNNs), which are the current state-of-the-art in computer vision and are widely employed in image
identi�cation applications. In terms of computing e�ciency and accuracy, ViT models exceed the present
state-of-the-art (CNN) by almost a factor of four. 

Transformers are already capable of paying attention to regions that are far apart right from the starting
layers of the network which is a signi�cant gain the transformers bring over CNNs which have a �nite
receptive �eld at the start. One other advantage of transformer models is that they are highly
parallelizable. 

The attention mechanism enhances the crucial parts of the input data and fades out the rest. Self-
attention module replaces the convolutional layer so that now the model gets the ability to interact with
pixels far away from its location. The self-attention mechanism is a type of attention mechanism which
allows every element of a sequence to interact with others and �nd out to whom they should pay more
attention. An attention mechanism like self-attention can effectively solve some of the limitations of the
Convolutional Networks. This distinct behavior is due to the inclusion of some inductive biases in CNNs,
which can be used by these networks to comprehend the particularities of the analyzed images more
rapidly, even if they end up limiting them and making it more di�cult to grasp global relations. 

The Vision Transformers, on the other hand, are free of these biases, allowing them to capture a global
and wider range of relationships at the cost of more time-consuming data training. Input visual
distortions such as adversarial patches or permutations were also signi�cantly more resistant to Vision
Transformers (Park et al., 2022). 

Architecture-ViT model 

The ViT model is made up of many Transformer blocks that employ layers. As a self-attention method,
the MultiHeadAttention layer is applied to the sequence of patches. The Transformer blocks generate a
[batch size, num patches, projection dim] tensor, which is then processed by a SoftMax classi�er head to
generate the �nal class probabilities output. 

 The initial stage in the model is to split an input image into a series of image patches. By projecting a
patch onto a vector of size projection_dim, the PatchEncoder layer will linearly transform it. The projected
vector is also given a learnable position embedding. These image patches are then sent via a linear
projection layer that may be trained. This layer serves as an embedding layer, producing �xed-size
vectors. The sequence of image patches is then linearly added using position embeddings to ensure that
the images preserve their positional information. It injects crucial information about the image patches'
relative or absolute positions in the sequence. 

The 0th class is a principal element to note in the position embedding module. BERT's class token
inspired the concept of the 0th class. This class, like the others, is learnt, although it does not originate
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from its picture. Instead, the model design has it hardcoded. If the transformer is provided with the
positioning data, it will not know what order the photos are in. The transformer encoder receives this
sequence of vector pictures. 

A Multi-Head Attention layer and a Multi-Layer Perceptron (MLP) layer make up the Transformer encoder
module. The Multi-Head Attention layer divides inputs into several heads, allowing each head to develop
varying levels of self-attention. All the heads' outputs are then combined and sent into the Multi-Layer
Perceptron. Normalization layers (Layer Norm) are applied before each block using transformers, and
residual blocks are applied afterward. Finally, the transformer encoder receives an additional learnable
classi�cation module (the MLP Head), which determines the network's output classes. 

Model Details 

The proposed work �ne-tunes the google/vit-base-patch16-224-in21k a Vision Transformer (ViT) pre-
trained on ImageNet-21k (14 million pictures, 21,843 classes) at 224x224 resolution in this case. The
model is provided with images in the form of a series of �xed-size patches (resolution 16x16) that are
linearly embedded. In order to train the model, the images must be converted to pixel values. A
transformer’s Feature Extractor accomplishes this by augmenting and converting the photos into a 3D
Array that can be fed into the model (Dosovitskiyet al., 2020). 

 Data augmentation techniques (John B et al., 2002) were performed on images of the training set to
improve the generalization ability of the model with the help of  PyTorch’s transform class which provides
common image transformations. PyTorch also provides functionalities to load and store the data
samples with the corresponding labels. In order to create training and validation dataloaders, the in-built
DataLoader class was utilized. This wraps an iterable around the dataset, enabling us to easily access
and iterate over the data samples in our dataset. The model was con�gured with the following parameter
values- 

Learning rate: 5e-4 

Loss function: CrossEntropyLoss 

Optimizer: Adam optimizer 

Image size: 32 

Patch size: 16 x 16 

Number of classes to classify: 12

Results And Discussion

Table 1 Model results
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Model Validation loss Validation accuracy

EfficientNet 0.712 0.91

InceptionNet 0.589 0.94

Vision Transformer 0.052 0.984

 The above visualizations show the comparison of results of ViT against state-of-the-art CNN
architectures on the dataset under study. The ViT based model developed for fruit quality prediction
showcased a high accuracy of 98.4. The ViT model was pre-trained on the Image net dataset and �ne-
tuned. The results below show that ViT performed better than Inception net-based architecture and the
E�centNet-L2 architecture on all the datasets. Both of these models represent the most up-to-date CNN
architectures.

ViT requires much less computational resources and training time compared to the other two CNN
models.

Conclusions
In this paper, we proposed a deep learning-based  machine vision system for grading the fruits based on
their outer appearance or freshness. The formulation of an image classi�cation problem as a sequential
problem utilizing image patches as tokens and processing it by a transformer is the major engineering
component of this study.

Various state-of-the-art deep learning models and methods were applied to the dataset of fruits. Through
our experiments, we found that the Vision transformer is the best model for the task. Transfer learning
was incorporated with the help of ImageNet pre-trained weights proved to be effective in boosting
accuracy. The overall performance of the model to evaluate fruit quality is very good which has met the
desired result of the accuracy of about 98.4%. It has been concluded that the Vision transformer has a
higher precision rate on a large dataset with reduced training time. Moreover, the application of the vision
transformer-based approach has been found to be more accurate in quality assessment as compared to
the results previously reported while implementing CNN-based models. Hence, the suggested technique
improves the rate of identi�cation of fruit and its freshness detection so that the real-world application
demands can be achieved.  In the future, the existing database will be enhanced with additional varieties
of fruit and vegetable images. Also, the future scope of this implementation will involve the integration of
the proposed system that will be helpful in the operation of an automated robotic fruit freshness
evaluation system.
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Figures

Figure 1

Architecture of Vision Transformer
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Figure 2

Training duration for different models

Figure 3
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Loss for Batch

Figure 4

Accuracy for Batch


